Mechanical faults, such as defects or wear of bearings and gears, are often characterized by the presence of periodically weak signals, which are contaminated by strong background noises and difficult to differentiate using traditional methods. In this paper, we propose a novel genetic stochastic resonance scheme for feature extraction of the above signals. Firstly, the original data are input into a stochastic resonance system with double-well potential. Then, the signal-noise-ratio (SNR) of the output is selected as the fitness function of genetic algorithm and the optimal structure parameters of the bi-stable system correspond to the maximum of SNR. With the optimized parameters, weak periodical components are sufficiently amplified. Meanwhile, the proposed method is combined with frequency-shifted and re-scaling stochastic resonance (FRSR) to extract the high-frequency components, which can be hardly achieved with traditional stochastic resonance. Finally, the present algorithm is applied to simulation data as well as vibration acceleration signals measured on defective rolling bearings with outer race fault. Results demonstrate that the weak periodical features, either in low or high frequency band, can be well extracted even if there are limited sample points.
INTRODUCTION
Rotating machineries are among the most important equipments in industry. As a result, condition monitoring and fault diagnosis of these equipments are extremely crucial in terms of system maintenance and process automation. Usually, fault responses are often characterized by the periodic components, which are prone to being contaminated by the strong background noises. Thus, feature extraction of periodically weak signals is of great significance to fault diagnosis of rotating machines.
Many attempts have been made to solve the problem, envelope analysis being the most widely accepted one. [1] [2] [3] [4] [5] [6] Yu 1 applied EMD method and Hilbert transform to the envelope signal of rolling bearings. Results show that the fault characteristics can be extracted by selecting the proper IMFs after EMD. Wang 2 proposed an improved morphological filter to extract periodically impulsive attenuation signals in the time domain. By using combined morphological operators and a structure element with similar geometric characteristic of target signals, the impulsive attenuation components are well extracted with the * Author to whom correspondence should be addressed. background noise fully restrained. Yiakopoulos 3 presented a demodulation method based on wavelet transform to explore the vibration response of faulty bearings, using the excellent timefrequency localization properties of the wavelet analysis. The method proved to be effective with different types of bearing faults.
Stochastic resonance (SR) was first reported by Benzi 7 to explain the question why the Earth's ice ages occur periodically. After that, this phenomenon has been discovered in optical systems, biological systems, etc. For example, it has been found that the sensory neurons employ SR to detect extremely weak external stimuli. In signal processing, SR is a tool by which background noise enhances weak signals. In application, structure parameters of SR system have a decisive effect on the analysis result and different criteria have been proposed to get the optimal structure parameters in previous studies. [8] [9] [10] [11] Unfortunately, a common problem is that they are all trying to optimize one parameter supposing that other parameters remain constant. Since the dynamics of SR system depends on the combination of several parameters, single-parameter optimization scheme will probably lead to the miss of optimal parameters, furthermore, miss of weak signals which may indicate the fault of the machines.
Genetic algorithm is rooted in the mechanisms of evolution and natural genetics. It is a paralleled adaptive optimization method and is particularly useful for global optimization problem. In this paper, we present a new method called genetic stochastic resonance to extract periodically weak components from strong background noises. The outline of this study is as follows. We briefly describe the fundamental theory of stochastic resonance and genetic algorithm in Section 2. In Section 3, a new adaptive stochastic resonance based on genetic algorithm, which realizes multi-parameter synchronous optimization, is proposed. By determining the proper encoding length, crossover and mutation probability and fitness function, two structure parameters in stochastic resonance system are optimized. The proposed method is validated by simulation data in Section 4. Combined with frequency-shifted and re-scaling scheme, weak signals with large parameters (amplitude and frequency) can be well extracted with genetic stochastic resonance. In Section 5, fault diagnosis of rolling bearings with outer race fault is provided to illustrate the effectiveness of the proposed method. Finally, the conclusions are given in Section 6.
METHODS

General Model of Stochastic Resonance
The general model of stochastic resonance includes three basic elements: (1) a bistable or multistable system, (2) a weak coherent input (periodic or aperiodic) and (3) a source of noise that is inherent in the system or that adds to the coherent input.
Stochastic resonance phenomenon, which has been experimentally observed in various bisatable systems, can be defined with the Langevin equation aṡ
where V x denotes the reflection-symmetric quartic potential,
Here, a and b are positive real structure parameters of the bistable system. u t is the periodic signal with amplitude A and modulation frequency f 0 ,
and n t is a zero-mean, Gaussian and white noise
where D denotes the noise intensity and < * > indicates the statistical mean. By adjusting the structure parameters a, b and noise intensity D, the output of the system x t will switch periodically between the double-well potential with the modulation frequency = 2 f 0 , which corresponds to the intrinsic frequency of the input signals u t . In this way, the weak periodical component in u t can be greatly amplified. This is the basic idea of how stochastic resonance works on the extraction of weak signals. In case of input with strong background noises, the problem simplifies to modulating structure parameters a and b.
Introduction to Genetic Algorithm
Genetic algorithms are search algorithm based on the mechanism of natural selection and genetic reproduction.
12 Following Holland's work, 13 genetic algorithm has gained considerable popularity as general-purpose robust optimization and search techniques. It is particularly attractive because instead of "search and select" mechanism they use crossover to exchange information among existing solutions to locate better solutions through a population of chromosomes. Chromosomes with the highest fitness values will have a higher probability to survive and generate offspring, which allows genetic algorithm to improve or optimize its solutions. Thus, a significant advantage of genetic algorithm is the ability of searching within large range and locating the optimal or quasi-optimal solutions globally and efficiently. Generally, genetic algorithm includes five parts: (1) Gene encoding, (2) Population initialization, (3) Fitness function, (4) Selection mechanisms, (5) Crossover and (6) Mutation. Typical genetic algorithm can be denoted as
where C denotes population encoding mechanism, J is the fitness function, P 0 indicates initial population, M is the size of population, are selection, crossover and mutation operators respectively, and T is the stopping criterion.
GENETIC STOCHASTIC RESONANCE
As previously mentioned, the extraction of weak periodical components depends heavily on the structure parameters of stochastic resonance system. Therefore, study on the adaptive stochastic resonance which can optimize the structure parameters automatically is of great importance. Traditional adaptive method focuses on optimization of single parameter hypothesizing other parameters to be constant. In application, this scheme would cause the failure of extraction of weak signals since it ignores the cooperative effect between different structure parameters in stochastic resonance system and cannot guarantee the global optimization of the parameters in most cases. In this paper, we present the genetic stochastic resonance to synchronously optimize the structure parameters, further more, extract the weak components from strong background noises efficiently and automatically. The flowchart of genetic stochastic resonance is shown in Figure 1 .
Gene Encoding
Fundamental to genetic algorithm is the encoding mechanism for representing the optimization problem's variables. Here, the optimization objects include two structure parameters in stochastic resonance system, a and b, which are positive real numbers. A common method of encoding them is binary representation. Once the search range and solution precision are predefined, the encoding length for each variable can be determined as
where k i is the encoding length for variable i, l denotes the search range and p indicates the solution precision. In this way, each variable is encoded using a fixed number of binary bits and the binary codes of a and b are further concatenated to obtain a binary string, called a chromosome. 
Population Initialization and Genetic Operators
(1) Population initialization. The initial population is generated randomly. Population with larger size M may produce better solutions at the cost of heavy computational load. Usually, compromise between population size and computational load is accepted.
(2) Selection. Selection models the survival-of-the-fittest mechanism in nature. Here we employ Roulette Wheel selection scheme, which selects the individual with the probability directly proportional to its fitness. As a result, fitter solutions which have larger fitness values may survive while weaker ones perish. Especially, the individual with largest fitness will survive without precondition, which can avoid the loss of excellent individual caused by Roulette Wheel. (3) Crossover. Crossover is a process in which chromosomes exchange genes through the breakage and reunion of two chromosomes, which generates two similar offspring. Pairs of genes are picked at random from the chromosome to be subjected to crossover. In order to ensure the equal probability of crossover for structure parameters a and b, we use a two-points crossover strategy with crossover rate p c , which indicates that the algorithm invokes crossover only if a randomly generate number in the rage 0 to 1 is greater than p c , otherwise the genes remain unaltered. The value of p c lies in the range from 0 to 1. (4) Mutation. Mutation means a change in the gene resulting in new or rear-rearranged hereditary determinants. The mutations are rare, random events in which the base sequence of the gene is changed. In binary encoding mechanism, mutation of a bit involves flipping it: changing a 0 to 1 or vice versa. The role of mutation is to keep the diversity of the variables, i.e., a and b, and prevent the evolution from premature convergence which will result in local optimums. Just as p c controls the probability of crossover, another parameter p m , named mutation rate, gives the probability that a bit will be flipped.
Fitness Function
In genetic algorithms, the evolution is guided by the fitness of the individual in the population. It describes the capability of an individual of certain gene to reproduce, and usually is equal to the proportion of the individual's genes in all the genes of the next generation. In weak signal extraction within stochastic resonance system, fitness reflects the amplification degree on the weak component. Since we are trying to detect the weak periodical component in the original signals, a proper fitness function could be defined as
where S r a b u is the output of the stochastic resonance system and R SN * denotes the signal-noise-ratio (SNR)
here X 0 represents the power spectrum of output signal and N 0 is the power spectrum of background noises. The maximum of fitness J u corresponds to the optimal solution for the extraction of weak periodical signals.
Stopping Criterion
The evolution stops in case one of the following criteria is satisfied: (1) the number of evolution generation reaches a predefined threshold or (2) the absolute difference of the fitness between two generations is smaller than the threshold
where J z denotes the fitness value of zth generation.
SIMULATION RESULTS
Small Parameter Signals
Due to the fact that traditional stochastic resonance is restricted by adiabatic approximation and linear response theory, only input signals with small parameters (the frequency and amplitude of the periodic signal and the intensity of background noise are all smaller than one) are accepted. Here, we use small parameter signals to validate the proposed method. The expression of input signal is u t = A 0 cos 2 f 0 t + n t with the following parameters: amplitude A 0 = 0 1, frequency f 0 = 0 02 Hz, sampling rate f s = 5 Hz, sampling time is 500 s and the noise intensity D = 0 9. Previous studies 14 15 show that the optimal value for a usually ranges from 0 to several hundred, while optimal b may range up to 10 8 . Here, the search range of a and b are determined as 0 01 200 and 0 01 10 8 , respectively. On the other side, we set the solution precision p = 0 01. Thus, with formula (3), the corresponding encoding length for a and b are decided to 15 and 27. Moreover, the remaining parameters in genetic algorithm are determined as: population size M = 100, crossover probability p c = 0 7, mutation probability p m = 0 05, number of evolution generation n max = 160 and fitness threshold for stopping criterion = 0 001. Simulation results are shown in Figure 2 .
In the waveform (Fig. 2(a) ) and frequency spectrum (Fig. 2(b) ), it is rather difficult to differentiate the periodical component with f 0 = 0 02 Hz. With genetic stochastic resonance, we optimized the structure parameters a and b. The algorithm converges after 98 generations and the optimal a = 0 17 and b = 0 51. Figure 2(c) shows the output signal, in which there is an obvious periodical component. 
Large Parameter Signals
Large parameter signals (frequency and/or amplitude and/or noise intensity can be much larger than one) are common in practical applications, which cannot be extracted with traditional stochastic resonance. In order to solve this technical issue, Leng 15 developed the re-scaling frequency stochastic resonance and Tan 16 proposed the frequency-shifted and re-scaling stochastic resonance. The basic idea is to decrease the frequency of periodical component. In this part, we combine the genetic stochastic resonance with the frequency-shifted and re-scaling method to detect the weak periodical component from large parameter signals.
The detailed information about frequency-shifted and re-scaling stochastic resonance can be found in Ref. [16] .
Given the input signal u t = A 0 cos 2 f 0 t + n t with the following parameters: amplitude A 0 = 0 31, frequency f 0 = 05 Hz, sampling rate f s = 2500 Hz, sampling time is 1 s and the noise intensity D = 3 1, the periodical component cannot be observed from either the waveform (Fig. 3(a) ) or the frequency spectrum (Fig. 3(b) ). Supposing the modulation frequency f c = 45 Hz, the re-scaling ratio R = 5, after frequencyshifted and re-scaling operation, the sampling rate decreases to f sr = f s /R = 500 Hz and the frequency of periodical component in the input signal is f r = f 0 − f c /R = 1 Hz. The search range, encoding length and other parameters in the genetic algorithm remain the same as the small parameter condition. With genetic algorithm, the optimized structure parameters are determined as Figures 3(c and d) . A prominent frequency component at 1 Hz can be found from the frequency spectrum. Using the frequency conversion rule f 0 = f r R + f c , we can infer that the frequency component in the original signal is 50 Hz. This demonstrates that the proposed method can solve the multi-parameter optimization problem existed in the frequency-shifted and re-scaling stochastic resonance and realize the adaptive detection of weak periodical component under large parameter condition.
APPLICATION ON DEFECTIVE BEARINGS
When there exist defects in rolling bearings, it produces an impact that excites natural frequencies of the bearing. Thus, the typical response resulting from these periodic impacts, which are generated by bearing faults, usually consists of a sharp rise and corresponds to the impact between the rolling surfaces at the location of the defect. These impulses occur periodically, with a frequency determined by the type of the defective components, its geometry and the rotation speed.
A typical vibration signal of defective bearing with an outer race fault is shown in Figure 4 the ball diameter is 15 mm. The number of balls in the bearing is 8 and the contact angle equals to 0 . As a result, the corresponding ball pass frequency in outer race (BPFO) is 82.05 Hz. Unfortunately, there is no obvious peak at the fault frequency in the frequency spectrum (Fig. 4(b) ). Next, we analyze the signal with genetic stochastic resonance by setting the modulation frequency f c = 72 05 Hz and the re-scaling ratio R = 10. After frequencyshifted and re-scaling operation, the sampling rate decreases to f sr = f s /R = 4000 Hz and the frequency of periodical component in the input signal is f r = f 0 − f c /R = 1 Hz. The search range, encoding length and other parameters in the genetic algorithm remain the same as previous. With genetic stochastic resonance, the optimized structure parameters are determined as a = 68 26, b = 811 37 and the corresponding output is shown in Figures 4(c and d) . A prominent frequency component at 1 Hz can be found from the frequency spectrum, which corresponds to 82 05 Hz, i.e., the outer-race fault frequency, in the original signal. Thus, we can conclude that there are probably defects or wear on the outer race of the rolling bearing.
CONCLUSION AND DISCUSSION
In this paper, we propose a new genetic stochastic resonance to detect the weak periodical signals. Two structure parameters of the stochastic resonance system are synchronously optimized with genetic algorithm. The fitness function is selected as the SNR of the output and the optimal structure parameters of the stochastic resonance correspond to the maximum of SNR. Compared with traditional stochastic resonance, the proposed method is superior in obtaining the global optimal solutions for the structure parameters automatically and efficiently. On the other hand, the present algorithm is combined with frequency-shifted and re-scaling stochastic resonance to solve the large parameter stochastic resonance problem. The method is validated with both simulated signals and vibration signal of defective bearing. As a result, the weak periodical component which is severely contaminated by the strong background noises, either in low or high frequency band, can be well extracted. Especially, we successfully diagnose a defective bearing with outer race fault using the proposed method.
However, several problems still need consideration. When there are two or more faults existed in one mechanical system, the extraction of multi-frequency components would be very helpful, which is hard to achieve at present. A possible solution is to construct a new fitness function that reflects the characteristics of multi-frequency signals. Furthermore, aperiodic signals also exist in mechanical faults. How to extract aperiodic features using genetic stochastic resonance? How to decide the fitness function as well as the other parameters in the genetic algorithm? These are what our research work will focus on next.
